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Contribution 1: unstable optimization 
large stepsize accelerates gradient descent in logistic regression 

Contribution 2: implicit regularization 
gradient descent dominates ridge regression in linear regression  

Contribution 3: from theory to practice 
principled parallelization method for training language models
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Contribution 1: unstable optimization 
large stepsize accelerates gradient descent in logistic regression

• “Large stepsize gradient descent for logistic loss: non-monotonicity of the loss 
improves optimization efficiency” 
W, Peter Bartlett, Matus Telgarsky, Bin Yu 
COLT 2024 

• “Large stepsizes accelerate gradient descent for regularized logistic 
regression” 
W*, Pierre Marion*, Peter Bartlett 
NeurIPS 2025
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Let  be 1-smooth ( ) with finite minimizer L ∥∇2L∥ ≤ 1
Descent lemma.  

• small stepsize          

• large stepsize           for quadratics

η < 2 ⇒ L(θt) ↓

η > 2 ⇒ L(θt) ↑ ∞

Rates. GD with  achieves 

• convexity                    

• -strong convexity    for 

η = 1
L(θt) − min L ≤ O(1/t)

λ L(θt) − min L ≤ ϵ t = O(κ ln(1/ϵ))
acceleration by Nesterov’s momentum:  

 & O(1/t2) O( κ ln(1/ϵ))

η < 2

η > 2

L(θ) = 1
2 θ2
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Related works 
• Altschuler, Parrilo. “Acceleration by stepsize hedging I: multi-step descent and the silver stepsize schedule.” Journal of the 

ACM 2024 
• Grimmer, Shu, Wang. “Composing optimized stepsize schedules for gradient descent.” Mathematics of Operations 

Research 2025 
…
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smooth, convex 
non-strongly convex 

implied by 
overparameterization

empirical risk     

Gradient Descent    

L(θ) = 1
n

n

∑
i=1

ln(1 + exp(−yix⊤
i θ))

θt+1 = θt − η∇L(θt)



Large stepsize accelerates GD

12Wu, Bartlett, Telgarsky, Yu. “Large stepsize gradient descent for logistic loss: non-monotonicity of the loss improves 
optimization efficiency.” COLT 2024

Theorem. Let #steps be . For some , we have T ≥ Θ(1) η = Θ(T )
L(θT) = Õ(1/T2)
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Large stepsize accelerates GD

12Wu, Bartlett, Telgarsky, Yu. “Large stepsize gradient descent for logistic loss: non-monotonicity of the loss improves 
optimization efficiency.” COLT 2024

match Nesterov

Theorem. Let #steps be . For some , we have T ≥ Θ(1) η = Θ(T )
L(θT) = Õ(1/T2)

“open valley” as mental picture
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L(θk) = Õ( 1 + η2

ηt )
• Phase transition: Unstable phase 

ends in  stepsτ = O(η)

• Stable phase: and L(θτ+t) ↓

L(θτ+t) = Õ( 1
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match Nesterov 
via large stepsize

Our theory. Assume . For , we have 
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Cai, Wu, Mei, Lindsey, Bartlett. “Large stepsize GD for non-homogeneous two-layer networks: margin improvement and fast 

optimization.” NeurIPS 2024
Zhang, Wu, Lin, Bartlett. “Minimax optimal convergence of gradient descent in logistic regression via large and adaptive 

stepsizes.” ICML 2025

three extensions 
• general loss functions  

(WBTY’24) 
• *two-layer networks 

(WBTY’24, CWMLB’24) 
• large adaptive stepsizes 

(ZWLB’25)
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Contribution 2: implicit regularization 
gradient descent dominates ridge regression in linear regression

• “Risk comparisons in linear regression: implicit regularization dominates 
explicit regularization” 
W, Peter Bartlett, Sham Kakade, Jason Lee, Bin Yu 
COLT 2026
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Contribution 3: from theory to practice 
principled parallelization method for training language models

• “Seesaw: accelerating training by balancing learning rate and batch size 
scheduling” 
Alexandru Meterez*, Depen Morwani*, W, Costin-Andrei Oncescu, Cengiz 
Pehlevan, Sham Kakade 
ICLR 2026
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transformer (600M), Adam, C4

initial batch size:    28, 29, 210 (= CBS) 
solid curve:              default (fixed batch size, cosine stepsize scheduler) 
dotted curve:           Seesaw (ours)

simple, meaningful sandbox  
can be predictive!

Seesaw 
• theory based, practice verified 

• blackbox — no extra measures 

• #GPU ⬆ — no free lunch
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ML systems  
(beyond DL)

deep learning = scaling + new mechanisms

not specific to 
deep learning

not covered by 
classical theory

!!!

✨✨✨

Contribution 1: unstable optimization 
large stepsize accelerates gradient descent in logistic regression 

Contribution 2: implicit regularization 
gradient descent dominates ridge regression in linear regression  

Contribution 3: from theory to practice 
principled parallelization method for training language models
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1. embrace instability in optimization theory
2. explore synergies between statistics & optimization
3. connect theory with practice

stats → opt 
new criterion 

hyperparameter?
data reuse? 

opt → stats 
opt algorithm as 

estimator?

practice 
testbed 

new question? 
new sandbox? 
other domain?

instability 
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model, data? 
other instabilities? 

*check out our tutorial 
for more discussions
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